The accumulation of somatic genomic alterations that enables cells to gradually acquire growth advantage contributes to tumor development. This has the important implication of the widespread existence of cooperative genomic alterations in the accumulation process. Here, we proposed a computational method HCOC that simultaneously consider genetic context and downstream functional effects on cancer hallmarks to uncover somatic cooperative events in human cancers. Applying our method to 12 TCGA cancer types, we totally identified 1199 cooperative events with high heterogeneity across human cancers, and then constructed a pan-cancer cooperative alteration network. These cooperative events are associated with genomic alterations of some highconfident cancer drivers, and can trigger the dysfunction of hallmark associated pathways in a codefect way rather than single alterations. We found that these cooperative events can be used to produce a prognostic classification that can provide complementary information with tissue-of-origin. In a further case study of glioblastoma, using 23 cooperative events identified, we stratified patients into molecularly relevant subtypes with a prognostic significance independent of the Glioma-CpG Island Methylator Phenotype (GCIMP). In summary, our method can be effectively used to discover cancer-driving cooperative events that can be valuable clinical markers for patient stratification.
INTRODUCTION
Cancer is a complex and multistep disease derived from a process analogous to Darwinian evolution (1) . During the process, a series of successive genetic alterations provide cells a significant fitness advantage and in turn disrupt the homeostasis of cells. Such an accumulation process can promote clonal expansion of cancer cells, resulting in multiple tumor entities linked with distinctive histological patterns and different clinical behaviors (2) . Importantly, these accumulating genetic alterations do not occur at random, but mutually depend on each other (3, 4) . A number of co-occurring events were frequently observed in different types of cancers by using high-throughput microarray and sequencing data (5, 6) . And combinational alterations between cancer driver genes have already been confirmed in vitro and vivo. For example, for mice with oncogenic Kras mutation, further mutation of Scrib was more likely to develop higher grade lesions (7). What's more, some cooperative events have been reported to be clinically relevant. The 1p/19q co-deletion was associated with histological type, improved prognosis and chemosensitivity in gliomas (8, 9) . Thus, it is necessary to comprehensively identify and analyze cooperative events of genetic alterations so as to enhance our understanding of tumorigenesis and improve treatment strategies for precision medicine.
Many previous studies identified co-occurring pairs of somatic events in cancer genomes through classical statistical tests (6, (10) (11) (12) . Using Fisher's exact test, Cui et al. constructed a network of co-occurring and anti-co-occurring cancer gene mutations (13) . Based hypergeometric test and Gaussian mixture model, Yeang exploited combinations of mutations from Catalog of Somatic Mutations in Cancer (COSMIC), and revealed co-occurrence and mutual exclusivity across and within pathways (5). Wang et al. proposed a stratified FDR control approach which combined with the traditional statistical test for identifying co-mutated gene pairs in cancer genome (14) . Furthermore, by considering biological pathways, some studies focused on co-occurring pairs between/within pathways (15, 16) .
However, statistical co-occurrence is insufficient to indicate key 'driver' roles of these cooperation of somatic events in cancer. Several evidences support that genetic alterations are highly associated with each other. For example, a set of genes exhibit a mutually exclusive pattern because of functional redundancy or synthetic lethality (17, 18) . While some genes tend to co-occur, due to complementary function or epistasis interaction (15, 19) . Moreover, simulation trials based on the life history trade-off theory demonstrated that fitness provided by genetic alteration depended on prior mutational history (3, 4) . These high associations reflect that clonal evolution in cancer favors specific combinations of genetic alterations and the series of genetic alterations driving the development of tumors are contextdependent. The selective sweep process of cancer genome evolution indicated that co-occurring events are highly dependent on specific genetic contexts (20) . In addition, gene cooperation in tumorigenesis usually contributes to various cancer hallmark-related functions. For example, cooperation of Myc and Kras in transgenic mouse model of breast cancer could increase proliferation and prevent cell apoptosis (21) . Medulloblastomas with combined TP53 and MYC defects were enriched in relapse cases and showed locally aggressive behavior (22) . It is thus reasonable to suppose that effective cooperative events should be associated with specific genomic patterns and have the functional effects on cancer hallmarks.
At present, large-scale genomic projects such as The Cancer Genome Atlas (TCGA) (23) are providing unprecedented cancer genomic data, which allows us to comprehensively explore and investigate somatic cooperative events in cancer. Here, we proposed a new and integrated method, HCOC (hallmark associated cooperation under specific genetic context), to identify cooperative events in human cancers. HCOC used 'omics' data sets to identify cooperative events that are associated with specific genetic contexts and contribute to cancer hallmark-associated pathways. The method consists of two components: (i) using the idea of motif matching from mapping of transcription factor binding sites to characterize the recurrent gene-dependent genomic patterns of candidate cooperative pairs (24) ; (ii) characterizing downstream functional effects of candidate pairs on cancer hallmarks.
Applying HCOC to somatic mutation and copy number alteration (CNA) data sets from 12 TCGA cancer types referring to >3000 samples, we totally identified 1199 cooperative events and constructed cooperative networks within and across cancers. The gene cooperative events displayed significant associations with some key drivers and could severely disturb cancer hallmark pathways. Besides, the pan-cancer cooperative network provided complementary information with tissue-of-origin to predict clinical outcome. As a case study, cooperative events in glioblastoma (GBM) were useful to characterize a clinically effective prognostic stratification of GBM patients, suggesting the clinical importance of cooperative events.
MATERIALS AND METHODS

Data source
We obtained copy number data (level 3), mutation data (level 2) and gene expression data (level 3) as well as clinical data of 3753 patients from 12 cancer types in TCGA. The detail information was shown in Supplementary Table  S1 . By assessing batch effects for the expression data and copy number data of 12 cancers, we observed that no data showed major effects (see Supplementary Methods for details).
Binary matrix of somatic genetic alteration. For logtransformed expression data from RNAseqV2 and RNAseq, genes with no expression in >20% of samples were filtered. For DNA copy number, we only retained high-level amplification and homozygous deletion discretized by GISTICv2. For mutations, silent mutations were discarded. Then, we removed hyper-altered patients as mentioned in (25) , that is, the patients with >1000 genetic alterations were excluded, and 3049 patients were remained. For each cancer type, we integrated somatic copy number and mutation profiles to build a binary genetic alteration matrix.
HCOC (hallmark associated cooperation under specific genetic context)
Tumorigenesis is accompanied by a series of genetic alteration events. A single alteration is insufficient to make normal cells cancerous (26, 27) . These driver alterations are generally not independent. They can cooperate with each other and thus form a cooperative network, ultimately impairing normal cellular functions and allowing cells to acquire important cancer hallmarks (21, 22) . To identify cooperative events and build cooperative networks in human cancers, we proposed a computational method based on associations with specific genetic contexts and effects on cancer hallmarks by integrating multiple 'omics' data.
Identification of candidate cooperative gene pairs. To identifying candidate cooperative gene pairs, the genes satisfying the following requirements were remained: (i) genes with copy number alteration (CNA) have a dominant alteration type (amplification or deletion). In detail, for a given gene, let N be the number of patients with CNA. A and D represent the numbers of amplification and deletion, respectively (N = A + D). We modeled the number of the dominant alteration type as a binomial distribution with N trials with success probability p, and then inferred whether the dominant alteration type was over-presented by testing the null hypothesis H0: P = 0.5 against the alternative hypothesis H1: P > 0.5. Let L = |A -D|, then we sought to determine the rejection region L ≥ l where l is a given threshold. Since
At a significant level α = 0.05, we calculated the least integer l under the null hypothesis. Only genes above the threshold l were kept and their dominant alteration types were recorded. For each of these genes, patients with the dominant alteration type were used, and those with the other type were regarded as noise. (ii) Genes with CNA should have concordant mRNA expression. We used a one-tailed Wilcoxon signed rank test. For a given gene with CNA, the gene expression in the amplification (or deletion) samples should be significantly higher (or lower) than wild-type Nucleic Acids Research, 2017, Vol. 45, No. 2 569 samples. (iii) Genes with amplification, deletion or mutation in <3% of samples were discarded.
We enumerated all possible gene pairs from the gene set, and then selected those pairs with co-occurrence frequency >3%. Since a copy number event can refer to numerous genes (28), we filtered the gene pairs located within the same chromosome arm.
Identification of cooperative pairs with specific genetic contexts. Some important driver genes, at present, were found to contribute to the development and progression of cancer. They generally harbor high alteration frequencies and are crucial for decision making in the neoplastic transformation of various cell types. Different combinations of defects of these driver genes represent different ways of malignant transformation. We assumed that cooperative alterations are highly associated with specific alteration patterns of these driver genes when compared to wild-type and single-altered cases. To characterize the genomic patterns in each cancer type, we selected the high-confident cancer drivers according to the following criteria: (i) known cancer genes recorded in at least one public database (including OMIM (29) , GAD (30) and CGC (31)); (ii) located in the wide peak regions identified by GISTICv2 (32) (for genes with CNA); (iii) recurrently mutated genes downloaded from http://www.tumorportal.org/ and identified by MutSigCV/MutSigCL/MutSigFN (33) (for genes with mutations); (iv) genes with alteration frequency >10% (5% for LAML). These driver genes were termed marker genes (Supplementary Table S2 ). If the overall alteration status of marker genes were similar within co-altered patients but significantly different from the others, the genomic pattern was regarded as a specific genetic context.
Inspired by the motif enrichment analysis of transcription factors (24), we utilized marker Position Frequency Matrix (mPFM) to characterize the genetic context. Let k denoted the total number of marker genes identified as described above, and {m 1 , m 2 , . . . m k } represents the marker gene sequence representing the alteration status of these marker genes in a specific cancer sample. For each candidate cooperative pair, to evaluate whether the gene pair is highly associated with a specific genetic context, we first extracted all co-altered patients. Then using the idea of leaveone-out, we left one patient in this co-altered group and used the others to build a mPFM. The mPFM model was constructed from a matrix, where each row represented the alteration status (alteration or wild-type) in a given sample and each column represented a marker gene. The final mPFM was a matrix which consists of frequencies of two possible alteration status of each marker gene (Supplementary Figure S1 ). Then a Log-Likelihood Ratio (LLR) scoring function was used to quantify the matching degree between the marker sequence in a particular sample and the mPFM model (Supplementary Figure S1) .
where marker sequence was the alteration status of marker genes in a given sample, e was a constant (0.00001), p(mi|mPFM) represented the frequency of the alteration status of marker i in the mPFM model and p(mi|background) was the frequency in background PFM model. A high LLRscore indicated the given sample had a similar genomic alteration pattern of marker genes with the co-altered samples. Notably, when calculating the LLR score, we excluded the genes that (i) was included in the cooperative pair, or (ii) affected by CNA events and shared the same chromosome arm locations with one of the genes in the pair, from the corresponding marker sequence. We calculated the LLR scores for the left co-altered patient and the other wild-type and single-altered patients (Supplementary Figure S1) . By employing the area under the ROC curve (AUC), we could assess the difference of the LLR scores between the left one co-altered patient and the other patients. After leaving the different co-altered patient out, an average AUC for each candidate cooperative pair was computed. By choosing a high cutoff of 0.75, cooperative pairs that were associated with specific genetic contexts were identified.
Identification of cooperative pairs with differential activities of hallmark pathways.
To characterize whether cooperative pairs can affect cancer hallmarks, we developed a new strategy to identify pathways associated with cooperative alterations by combining expression and genomic alteration status. First, we identified biological pathways that could reflect each cancer hallmark based on sematic similarity of GO terms (Supplementary Figure S2 and Table S3 ). Second, activities of hallmark-associated pathways in each patient (Z sj ) were assessed according to the function (34):
where |r| is the number of genes in the pathway s, and X s j represents the mean expression level over the member genes in the pathway s in sample j.X j represents the mean expression level of all genes detected in sample j, and σ j is the standard deviation of over all the genes in sample j.
Next, we constructed a logistic regression model that related activities of each pathway to cooperative alteration status for determining whether activities of hallmarkassociated pathway are significantly different between coaltered patients and the others. The significance of each regression model was calculated. We retained candidate cooperative pairs that markedly influenced at least one hallmarkassociated pathway at a false discovery rate (FDR) of 0.25.
Ultimately, we considered candidate pairs to be cooperative if they were associated with specific genetic contexts and affected at least one cancer hallmark-associated pathway. More detailed information on the methods can be found in the Supplementary Methods.
Construction of cooperative network
The genes affected by a shared copy number event across cancer patients were combined into a 'meta' gene (35) (see Supplementary Methods, Supplementary Table S4) . Then, for each cancer, a cooperative network was constructed by connecting all cooperative gene pairs identified above. The cooperative networks can reflect all cooperative events occurred in the corresponding cancer types.
RESULTS
The landscape of somatic cooperative alteration networks in human cancers
We developed a systematic method, HCOC, based on associations with specific genetic contexts and effects on cancer hallmarks to identify somatic cooperative events in human cancers (Figure 1) . Briefly, given a pair of somatic alterations, we distinguished patients into two groups according to co-occurrence of these two aberrations, and assessed the difference in the genomic alteration patterns of some highly recurrent genes and the activities of cancer hallmarkassociated pathways between the two groups. The pairs associated with specific genomic alteration patterns and significant effects on cancer hallmarks were identified as cooperative alterations (for details, see Methods and Supplementary Methods). Also, we developed an online webserver (available at http://biocc.hrbmu.edu.cn/HCOC/) for our method. It provides a user-friendly interface, allowing researchers to identify somatic cooperative events.
Applying our method to 12 tumor types in TCGA referring to more than 3,000 samples, we identified numerous cooperative somatic alteration events (Supplementary Figure  S3) . The average number of cooperative events per cancer type was 108 (ranging from 1 to 622) ( Supplementary Figure S4 ). Only two and one cooperative events were identified in LAML and BRCA, respectively. The LAML patients had a relatively stable genome (25) , which results in much fewer candidate cooperative pairs (co-alteration > 3%) than other cancers. For BRCA, high heterogeneity may be a potential reason why only a few cooperative pairs were identified (36, 37) . There are few common cooperative events were shared by any two cancer types ( Figure 2G ). The cooperative alterations identified in each type of cancer were listed in Supplementary Table S5 . We compared the results of HCOC with another three methods--Classical hypergeometric test, Gaussian mixture model (GMM) used in (5), CDCOCA proposed by Kumar et al. (38) . Using the same pre-processing steps and thresholds as HCOC, we applied the three methods to identify recurrently co-occurring somatic events in 12 cancer types. As a result, we found that a total of 344 cooperative events that were missed by all of the three methods were uniquely identified by HCOC (Supplementary Table S12 ). Notably, among these cooperative events, some have been reported to have oncogenic roles in the malignant transformation of cells, such as TP53-MYC in UCEC and CDK4-TP53 in GBM (39, 40) . The comparison results suggested that our method HCOC provided new insights for into current research of somatic alteration combination.
All cooperative events identified in each cancer type formed a cooperative alteration network, which could reflect the landscape of cooperative events in that cancer (Supplementary Figure S5) . Some cooperative events have been confirmed in previous works. For example, in mouse model of high-grade astrocytoma (HGA) combined mutation of Pten, p53 and Rb1 significantly reduced the latency of tumor development and time to morbidity, compared to HGA induced by p53 and Pten (41) , which was consistent with RB1-TP53 and RB1-PTEN identified in GBM. De novo AML patients with concurrent DNMT3A and FLT3 had a higher percentage of bone marrow blasts and extremely poor prognosis compared with single alterations (42, 43) . Cooperative events including TP53-ERBB2 (44) and PIK3CA-MYC (45) were also validated to be associated with tumorigenesis and clinical prognosis. Through assessing the overlap with known cancer genes recorded in CGC, we found that genes in cooperative events were enriched for cancer genes in almost all cancers (Figure 2A) . Moreover, gene pairs in cooperative events were highly connected in protein-protein interaction (PPI) network (Figure 2B) , more likely to be co-expressed ( Figure 2C ) and co-occurred in PubMed abstracts ( Figure 2D ), suggesting functional links of cooperative alterations (see Supplementary Methods).
In addition, we constructed a pan-cancer cooperative alteration network by merging the networks built in individual cancers ( Figure 2E and F). The pan-cancer network following a power law distribution was composed of 535 genes, whose alterations covered 76% (2303/3049) of patients in 12 cancers. Genes with high degree showed a significant enrichment for known cancer-related genes ( Figure 2H ). In particular, all of the top ten genes with the highest degree were key genes in tumorigenesis ( Figure 2I ). TP53, for example, that has been widely reported to be dysregulated in various cancers (25) was identified in nine cancer types and showed the highest degree in the network, indicating a wide variety of cooperative partners. Interestingly, TP53 cooperated with completely different genes in different cancer types (Figure 2J) . One reason for such substantial but heterogeneous cooperative partners was the extremely high alteration frequency of TP53 across cancers. Another possible explanation, from the aspect of cancer evolution, could be that TP53 mutation was an early clonal event in many cancers, with subsequently subclonal genomic changes selected by different tissue-specific environmental factors (46, 47) .
Dissecting specific genomic patterns and cancer hallmarks associated with cooperative events
It should be pointed out that the cooperative events identified using our method were associated with specific genomic patterns of some recurrent genes, thus allowing to characterize the links of cooperative pairs with these highly altered genes. Taking PTEN-KRAS identified in UCEC as an example, the patients with PTEN-KRAS co-alterations displayed a specific genomic pattern--increased mutation rates in ARID1A, RPL22 and MUC5B and decreased in FGFR2--relative to all patients ( Figure 3A , P < 0.05, onesided binomial test). PTEN and KRAS together with these recurrent genes having increased alteration frequencies appeared to form a cooperative module ( Supplementary Figure S6) . Indeed, PTEN and KRAS have been found to result in transformation of ovarian surface epithelial cells to lowgrade adenocarcinomas (48) , and PTEN could induce autocrine FGF signaling to promote tumorigenesis (49), thus, further alteration of FGFR2 was unnecessary, which was consistent with the mutual exclusive between PTEN-KRAS Nucleic Acids Research, 2017, Vol. 45 and FGFR2. Such specific genomic contexts thus suggested the high dependence of cooperative events on some highly recurrent genes. Subsequently, we examined all genomic patterns in different cancer types (Supplementary Figures  S7 and S8 ) and found majority of the cooperative events significantly linking with at least one recurrent gene (Figure 3B and Supplementary Table S6) . Notably, many recurrent genes, such as CDKN2A and PIK3CA, were associated with multiple cooperative events ( Figure 3C ) across cancers, implying that they were subjected to multiple selective pressures in tumor evolution.
In parallel, our method required that the cooperative alterations had remarkable effects on the activities of cancer hallmarks, thus enabling us to characterize cancer hallmark-associated pathways affected by cooperative events. We identified many pathways whose activities were significantly affected by the cooperative events in each cancer type (Figure 3G and Supplementary Table S7 , and see Methods section for details). These hallmark-associated pathways in co-altered patients presented extreme activity relative to those in single-altered patients (Figure 3D) , suggesting possible changes in phenotype. In LUAD, for example, cooperation of TP53 mutation and MLL amplification resulted in the dramatic increase of activities of hallmarkassociated pathways including unwinding of DNA ( Figure  3E ) and regulation of cell cycle progression by PLK3 pathway, consistent with a recent report that p53 mutation binds to and upregulates the chromatin regulatory gene MLL, which promotes cancer proliferation and growth (50) . Importantly, these cooperative events identified could account for >5 cancer hallmarks per cancer type ( Figure 3F and G) . In LAML, for example, eight of the ten cancer hallmarks, such as self-sufficiency in growth signals, were associated with the cooperative events.
Genomic instability, one of the most pervasive hallmarks of tumorigenesis (51), correlated well with seven pathways based on functional associations (see Supplementary Table S3 ). Nucleotide metabolism pathway harbor- ing the strongest correlation with this hallmark was influenced by several cooperative events in multiple cancers (Figure 3h) . PIK3CA-EIF3H, RSRC1-CDKN2B, TP53-TM2D2 and TP53-MYC represent the most significant cooperative events increasing the activity of this pathway in BRCA, ESCA, LUAD and UCEC, respectively (P < 0.05, Kolmogorov-Smirnoff test, Supplementary Figure S9A ). To examine whether these cooperative events can affect genome instability, we assumed that patients with these cooperative events could have an increased rate of genetic alterations (including mutation and CNA). By using the sample set enrichment analysis (SSEA) method, we found that co-altered patients harbored more genetic alterations (FDR < 0.05, Supplementary Figure S9b , see Supplementary Methods). Furthermore, we analyzed the types of DNA lesion events. Interestingly, more amplification events, rather than deletions or mutations, were observed in coaltered patients relative to the other patients (Supplementary Figure S9C) . A plausible explanation is that these cooperative events can lead to the increased activity of nucleotide metabolism pathway, which in turn facilitates DNA synthesis and produces more DNA for gene amplification during replication (52) .
Cooperative networks contribute to prognosis in human cancers
Next, we wondered whether the cooperative events identified had clinical implications. For each cancer type, we classified patients based on the occurrence of cooperative events by using consensus clustering (see Supplementary Methods), and then performed Kaplan-Meier survival analysis. As a result, in nine of the eleven cancers, the cooperative events significantly correlated with overall survival (P < 0.05, log-rank test, Figure 4 ). To assess whether or not genes in the cooperative events were enough to predict prognosis, we conducted a similar classification and survival analysis, but using genes involved in cooperative events. In this case, no significant effect on overall survival was observed in any cancer type (Supplementary Figure S10) . These findings suggested the importance of cooperative events in tumorigenesis and their prognostic value in clinical practice.
Furthermore, we performed k-means clustering based on all cooperative events in the pan-cancer cooperative network referring to 2303 samples (see Supplementary Methods). Seventeen clusters were identified by maximizing the average silhouette coefficient ( Figure 5A ). We found that most of these clusters correlated well with the cancer tissue of origin (P < 0.0001, Chi-square test) (Supplementary Table S8). For example, C3, C6, C9 and C17 were significantly enriched for patients in HNSC, UCEC, CR and LAML, respectively (P < 0.0001, hypergeometric test). Some clusters, in contrast, contained a mixture of different cancer types, such as C15, which was highly associated with the cooperative alteration of TP53-MYC (P < 0.0001, hypergeometric test) that has been reported in multiple cancer types (22, 53) . Importantly, the 17 clusters exhibited significantly different clinical outcomes through Kaplan-Meier analysis (P < 0.0001, log-rank test, Figure 5B ). However, it is not yet clear whether they can provide additional prognostic power beyond cancer types and clinical features. Thus, we performed a multivariate Cox proportional hazards analysis. In the model, we included age at diagnosis, sex and race as clinical covariates, as well as cancer types. A likelihood ratio test conditioning first on the clinical features was performed; after the addition of either cancer types or clusters to the model, we observed a large increase in the predictive fit (P < 0.0001 and P = 0.0082, Chi-square test, Figure 5C ), further supporting the clinical value of cooperative events in prognosis of human cancers.
Notably, among the 17 clusters, C10 exhibited the best prognosis. PTEN-PIK3CA was found to be enriched in this cluster (P < 0.0001, hypergeometric test). It has been reported that PTEN mutation could promote phosphorylation of Akt in the context of PIK3CA mutation, and in turn provide additive effect on the activation of PI3K pathway (54). We thus wondered whether the cooperation of PTEN- PIK3CA was associated with better survival in pan-cancer. Our results showed that patients with this cooperative event had better outcomes (P = 0.0043, log-rank test, Figure 5D ) compared to those without this event (i.e. single-altered or wild-type). Interestingly, in another group C6 with the second-best prognosis, the cooperative alteration of PTEN-PIK3R1 was enriched (P < 0.0001, hypergeometric test). PIK3CA and PIK3R1 encode the subunits of PI3K complex, corresponding a catalytically active protein (p110␣) and a regulatory protein (p85␣) respectively (55), suggesting that the combined defect of PTEN and PI3K complex is a favorable prognostic factor across multiple cancers. Opposite to C10, C17 was associated with the poorest prognosis. DNMT3A-FLT3 was significantly enriched in this group (P < 0.0001, hypergeometric test). Patients harboring the cooperative event showed significantly poorer prognosis when compared with single alterations (P < 0.0001, log-rank test, Figure 5E ). Among the identified cooperative pairs, we found some key cooperative events with potential diagnostic values in seven cancer types (Supplementary Table S9) by adopting the EdgeBiomarker method proposed by Zhang et al. (56) .
Case study: cooperative events in glioblastoma
Diverse genomic patterns underlie glioblastoma. Glioblastoma multiforme (GBM) is the most common and deadly primary brain tumor with extremely poor prognosis (57) (58) (59) . A total of 23 cooperative events referring to many known GBM-related genes (such as IDH1, TP53, PDGFRA and EGFR) were identified. These cooperative events could be classified into five groups based on their corresponding genomic patterns ( Figure 6A , see Supplementary Methods). For example, TP53-RB1 and PTEN-RB1 were grouped together, consistently showing significantly decreased alteration frequencies of EGFR, CDKN2A and CDK4 ( Figure 6A ). TP53, RB1 and PTEN were core members of P53 signaling, RB signaling and RTK/RAS/PI3K signaling pathways, respectively, the co-disruption of which has been demonstrated to be a general trait for GBM pathogenesis (55) . These five groups with distinct genomic patterns seemed to destroy different cancer hallmarkassociated pathways ( Figure 6B and Supplementary Figure S11) . Especially, one of the groups was composed of only one cooperative event IDH1-TP53. IDH1 mutation is highly associated with the glioma-CpG island methylator phenotype (GCIMP) subtype, which presents a hypermethylator phenotype and improved outcome (60) . The IDH-mutant GCIMP subtype has been found to frequently carry TP53 mutation (61) . Our analysis showed a unique genomic pattern of IDH1-TP53, consistent with previous finding that the GCIMP subtype has a significantly different biological behaviors relative to non-GCIMP (62) . Notably, both IDH1 and RB1 could cooperate with TP53, while these two cooperative events showed obviously different genomic patterns ( Figure 6C) . PTEN mutation was absolutely mutually exclusive with IDH1-TP53, yet appeared to co-occur with TP53-RB1 ( Figure 6D ). The same situation could be seen for CDK4 and PIK3R1. In fact, strong mutual exclusivity between IDH1-TP53 and TP53-RB1 was observed (P < 0.0001, fisher exact test, Figure 6D) . Moreover, IDH1-TP53 and TP53-RB1 affected different hallmarks, such as sustained angiogenesis of IDH1-TP53 and genome instability of TP53-RB1 ( Figure 6B and E) . Taken together, these cooperative events could characterize diverse genomic contexts in GBM and reflect different molecular mechanisms underlie GBM, consistent with the high heterogeneity of GBM (63) .
Cooperative events revealed molecular classification of GBM.
To investigate whether the cooperative events could divide a heterogeneous population of GBM tumors into clinically meaningful molecular subtypes, we classified GBM patients into six clusters (C1-C6) on the basis of the presence or absence of these 23 cooperative events using consensus clustering ( Figure 7A , see Supplementary Methods). KaplanMeier analysis of overall survival showed that these subgroups had distinct clinical outcomes (P < 0.0001, logrank test, Figure 7B ). Meanwhile, we utilized the five bestcharacterized GBM subtypes (including classical, proneural, mesenchymal, neural, and GCIMP) determined by expression and DNA methylation (60, 64) , which were also associated with overall survival (P = 0.0052, Figure 7C ). As a comparison, C1 and C2 were primarily composed of classical and mesenchymal, respectively; C4 was significantly enriched for GCIMP, and, as expected, both of them had the best prognosis. Intriguingly, when all GCIMP patients were removed, our subgroups still had a significant association with survival (P = 0.0049, log-rank test, Figure  7d ), whereas the pre-defined subtypes were not predictive of survival (P = 0.5236, log-rank test, Figure 7E ). Furthermore, multivariate Cox proportional hazards analysis was performed by considering age, gender, race, and Karnofsky performance score as clinical covariates. The five bestcharacterized subtypes and our subgroups were added to the Cox proportional hazards model in turn. We found that the predictive fits of the model showed significant improvements (P = 0.0002 and P = 0.0002, Chi-square test, Figure 7F) , which revealed additional survival benefit of our subgroups. All these results suggested that the cooperative events identified could provide useful insights for cancer classification and had GCIMP-independent prognostic effect in GBM.
In particular, our clustering result revealed a very highrisk subgroup C5 (Figure 7B and D) . SPTA1-METTL1 was the most significantly enriched cooperative event in this subgroup (P < 0.0001, hypergeometric test). To our knowledge, few studies reported the roles of SPTA1 and METTL1 in GBM (65) . We observed that GBM patients with SPTA1-METTL1 were associated with a poor survival (P = 0.0103, log-rank test, Figure 8A ), while individual alterations of either SPTA1 or METTL1 did not correlate with poor prognosis (P = 0.7142, and P = 0.9589, log-rank test, Figure  8B) . Moreover, the copy number of METTL1 had a strong influence on its expression (Pearson correlation coefficient = 0.815, Figure 8C ). As for SPTA1, we found >60% (19/30) mutations of SPTA1 with functional impact ( Figure 8D and E) estimated by using MutationAssessor (66) . Pathway analyses showed that SPTA1-METLL1 could influence three hallmark pathways including genomic instability, sustained angiogenesis and inflammation & evading immune (P = 0.0105, P = 0.0020 and P = 0.0094, one-sided Wilcoxon rank sum test, Figure 8G ). We thus speculated that the combination of defects of SPTA1 and METTL1 was likely to be a high-risk clinical factor and they might act ( Figure 8F ) as cooperative driver genes contributing to the malignant progression of GBM. Further functional experiments are required to validate our findings.
Case study: cooperative events in breast cancer
PIK3CA-EIF3H is a unique cooperative event in BRCA.
Of note, only one cooperative event PIK3CA-EIF3H was identified in BRCA. The cooperative event was linked to several clinically relevant genes (such as ERBB2, TP53 and GATA3) and seven pathways involving six cancer hallmarks (Supplementary Figure S12A-C) , and was associated with a poor survival in BRCA patients (P < 0.0001, log-rank test, Supplementary Figure S12d) . The role of PIK3CA in BRCA has been well studied, and as for EIF3H, it was previously demonstrated as a driver gene within 8q23 amplicon and had effects on cell growth, survival and transformation in breast cancer (67) . We next asked whether PIK3CA-EIF3H was a potential prognostic factor in the two main molecular subtypes (i.e. Basal and Luminal) of BRCA (68) . We divided all BRCA patients into two subtypes (Basal and Luminal) based on ER and PR status and found that the cooperative event could be associated with overall survival in both subtypes (P = 0.0442 and P = 0.0009, log-rank test, Supplementary Figure S12E) .
DISCUSSION
We developed an integrated method, HCOC, for identifying cooperative genomic alteration events in human cancer. Applying HCOC to 3753 patients from 12 cancer types yield a total of 1199 cooperative events with high heterogeneity across human cancers. We constructed the landscape of cooperative networks within and across cancers utilizing the cooperative events identified. We found that these hallmark associated cooperative events were always coupled with genomic alterations of several famous cancer drivers. Notably, patient classification based on cooperative events could provide additional prognostic information complementary with clinical and molecular features. As a case study, the diverse genomic patterns of cooperative events in GBM revealed multiple molecular mechanisms of gene cooperation underlying glioblastoma. The cooperative events in GBM allowed us to reveal a high-risk subgroup of GBM patients that were significantly enriched for SPTA1-METTL1 cooperation representing a novel highrisk prognostic factor. These two genes were seriously underestimated when considered in isolation. This study represented one of the largest analysis of somatic cooperative aberrations and demonstrated that the integration of omics data can be used to characterize cooperative alterations during tumorigenesis.
One advantage of HCOC is the consideration of genetic context of gene cooperation. Each cooperative event is linked to a specific genomic pattern of some important genes with recurrent alterations. This specific genomic context depicted certain genetic dependence between mutated genes and the cooperative event. As in previous study, in melanomas with BRAF V600E mutations, concurrent mutational inactivation of the PTEN and RB1 exhibited diminished dependence upon BRAF signaling and were mutually exclusive with loss of CDKN2A (27) . The cooperative event and the specific genomic context form a unique combination of genomic aberrations, like the orchestration of genomic alterations, which can help to precisely dissect the mechanisms contributing to cancer initiation and progression. For example, despite that EGFR and PDGFRA were reported as members of a mutually exclusive module in GBM, in our result PDGFRA displayed an elevated alteration frequency when the co-alteration of EGFR-MDM2 occurred (P = 0.0017, one-sided binomial test, Supplementary Figure S13 ). The fact that both EGFR and PDGFRA were upstream regulators of MDM2 may explain this conditional co-occurrence.
Moreover, these cooperative events were highly associated with some cancer hallmarks. Interestingly, the cooperative events could lead to the changes of hallmark ac- tivities to a larger extent than single alterations ( Figure  3D ), consistent with a phenomenon of epistasis, i.e., a mutation is selectively advantageous only in the context of other mutations (19) . In fact, certain oncogenic mutations can mandate that specific cellular pathways be targeted by subsequent mutations (20) . Epistatic interaction has been demonstrated to play a crucial role in cancer genome evolution. Previous protein-engineering studies demonstrated that epistatic interactions could limit the potential mutational trajectories and enforce ratchet-like constraints by inhibiting the reversibility of the tumor evolutionary process (20, 69) . During the development of cancer, distinct tumor subclones evolve in parallel and gradually acquire various hallmark capabilities by accumulating different genetic alterations and, in the end, gain a significant fitness advantage and further expand to dominant lineages (70) . Therefore, the cooperative network constituted of all cooperative events in human cancers may approximately depict the tumor heterogeneity and reflect diverse evolution branches during tumorigenesis. In our results, TP53-IDH1 and TP53-RB1 were both identified in GBM, but their affected patients, genetic contexts and associated cancer hallmarks were quite different ( Figure 6C -E). Since TP53 mutation was an early clonal event in many cancers including GBM (71, 72) , subsequent IDH1 and RB1 mutation may indicate different evolution paths.
Importantly, these cooperative events could be as potential new biomarkers for patient stratification. Specially, SPTA1-METTL1 cooperation in GBM characterized a subgroup with the worst survival, while single alterations can not. METTL1 has been reported to influence the sensitivity of an anti-carcinogen (5-fluorouracil) in cancer cells (73) , and mutations of SPTA1 were observed in different stages of lung cancer, such as stages before and after chemotherapy (74) . We speculated that METTL1-SPAT1 cooperation might exert an adverse effect on anti-cancer therapy. Classification based on all cooperative events could also provide implications for clinical outcomes in most cancer types (Figure 4) , however, it was not the case when based on single alterations (Supplementary Figure S10) . Tumor subtypes based on single drivers may be confounded by epistasis (75) or gene pleiotropy (76) , which can be alleviated by gene cooperation. Besides, due to the links of cooperative events to evolutional branches, it's understandable that cooperative events allowed us to reveal subtypes with distinct evolution paths. Such subtypes have a significant clinical benefit. Our results suggest that gene cooperation is able to depict the underlying mechanism underlying tumorigenesis, and may be superior when translated into clinical practice. Note that the identified cooperative events in our study were associated with a specific pattern of background marker genes, suggesting a possibility that the effects of the cooperative events on cancer hallmarks and clinical outcomes may be mainly caused by the background marker genes. To test the possibility, we evaluated the effects of the marker genes on the hallmarks and clinical outcomes in the samples without co-alteration of cooperative events (for details, see Supplementary Methods). The results showed that in most cases the cooperative events, rather than the marker genes, have major effects on the cancer hallmarks and overall survival.
A previous study characterized the pre-disease state based on time-series gene expression data, allowing to diagnose whether a new individual approaches to the predisease state or not (77) . With increasing numbers of timeseries genomic data available in cancer, we can use the concept of dynamical network biomarkers to detect earlywarning cooperative signals in cancer, which will be crucial to further understand the progression of cancer and facilitate early clinical diagnosis.
In our study, we integrated copy number alteration and point mutations, which can comprehensively capture the DNA damage upon certain genes. Nonetheless, point mutations and copy number alterations cannot always be considered similar. Moreover, all point mutations are not equal. Some mutations lead to gain-of-function, while some others lead to loss-of-function. We thus classified mutations into gain-of-function and loss-of-function, and determined the dominant type of mutations for each gene (see Supplementary Methods for details). By reapplying HCOC, we observed that 91.4% cooperative pairs across cancers were shared with previous results. Especially, the results were exactly the same in CR, OV, BRCA, LAML and BLCA (Supplementary Table S10 ).
In summary, our study presents a comprehensive characterization of genomic cooperative events in 12 cancer types, which extends our knowledge of interdependence among cancer genes and enables to discovery novel oncogenic genes. Our analyses shed new insights on molecular mechanisms underlying tumorigenesis, and offer implications for clinical diagnosis, prognosis and therapeutic strategies. Ultimately, we expect that our approach will be applicable to other cancer genomic data and our results will be helpful for achieving the goal of precise medicine.
